Abstract The impacts of oceanic CO 2 uptake and global warming on the surface ocean environment have received substantial attention, but few studies have focused on shelf bottom water, despite its importance as habitat for benthic organisms and demersal fisheries such as cod. We used a downscaling ocean biogeochemical model to project bottom water acidification and warming on the western Eurasian Arctic shelves. A model hindcast produced 14-18 year acidification trends that were largely consistent with observational estimates at stations in the Iceland and Irminger Seas. Projections under SRES A1B scenario revealed a rapid and spatially variable decline in bottom pH by 0.10-0.20 units over 50 years (2.5%-97.5% quantiles) at depths 50-500 m on the Norwegian, Barents, Kara, and East Greenland shelves. Bottom water undersaturation with respect to aragonite occurred over the entire Kara shelf by 2040 and over most of the Barents and East Greenland shelves by 2070. Shelf acidification was predominantly driven by the accumulation of anthropogenic CO 2 , and was concurrent with warming of 0.1-2.78C over 50 years. These combined perturbations will act as significant multistressors on the Barents and Kara shelves. Future studies should aim to improve the resolution of shelf bottom processes in models, and should consider the Kara Sea and Russian shelves as possible bellwethers of shelf acidification.
Introduction
The oceans have helped to mitigate global warming by absorbing a large portion of the anthropogenic CO 2 emissions (25%-29% during 2006 -2015 , Le Qu er e et al., 2016 , but as a result the CO 2 chemistry of seawater has been impacted, a process known as ocean acidification (OA) (Caldeira & Wickett, 2003; Ciais et al., 2013; Doney et al., 2009; Orr et al., 2005) . Absorbed CO 2 reacts with seawater with the net effect of increasing the hydrogen ion concentration (decreasing the pH) and decreasing the carbonate ion concentration, thus decreasing the saturation state with respect to calcium carbonate. These changes may stress marine organisms by disrupting a wide range of physiological processes (P€ ortner, 2008; P€ ortner et al., 2014) including the construction and maintenance of shells (Fabry et al., 2008) . High northern latitudes are particularly susceptible to OA because here the climatic pH decreases are amplified (Bellerby et al., 2005; Bopp et al., 2013; Ciais et al., 2013; Frolicher & Joos, 2010; Steinacher et al., 2009 ) and saturation states were already low in preindustrial times Steinacher et al., 2009) , so critical thresholds are likely to be reached earlier (Ciais et al., 2013; Fabry et al., 2009; Steinacher et al., 2009 ).
The oceans have also absorbed most of the heat energy that has been trapped by global warming (93% during 1971 (93% during -2010 (93% during , Rhein et al., 2013 , causing warming of 0.18C per decade globally in the upper 70 m (Rhein et al., 2013) . The Barents Sea in the Arctic Ocean has been identified as a hot spot of ocean warming over the last three decades (18C per decade, Levitus et al., 2009) and over this century (Biastoch et al., 2011; Bopp et al., 2013; Renaud et al., 2015) . Ocean warming can cause changes in species abundance and distribution and significant ecosystem shifts, with potentially large socioeconomic implications, even for regional multidecadal warming of 18C associated with natural climate variations (IPCC ''high confidence'') (P€ ortner et al., 2014) . Vulnerability may be greatest in polar animals due to their narrow temperature ranges and lack of options for migrating to higher latitudes (''medium confidence''). At high northern latitudes, the combined stresses of warming, acidification, and deoxygenation acting in synergy (Denman et al., 2011; Kroeker et al., 2013; P€ ortner, 2008 ) are expected to be important this century (Bopp et al., 2013; Henson et al., 2017) .
In this study, we use an ocean biogeochemical model to project acidification and warming on the western Eurasian Arctic shelves, focusing on changes over the next 50 years. A novel aspect is that we also focus on shelf bottom water at depths 50-500 m. This defines the habitat for a host of benthic (seafloor-dwelling) organisms including calcifiers such as mollusks and corals, which are highly sensitive to OA as groups (Kroeker et al., 2013; Wittmann & P€ ortner, 2013) , and which play important roles in biogeochemical cycles and the marine food web. It also includes habitats for demersal fish such as cod and their more sensitive larval stages (Frommel et al., 2012; Stiasny et al., 2016) . We hypothesize that these waters may see some of the strongest impacts of climatic change in the coming decades, because they are shallow enough that significant changes can occur on multidecadal time scales, but generally deep enough to avoid the strong seasonal and subseasonal variability that may make surface-dwelling organisms more tolerant of baseline changes (Hauri et al., 2013; Henson et al., 2017) .
A second novel aspect of our study is the use of a dynamical downscaling ocean model, whereby output from global climate models is used to drive a regional model with higher spatial resolution. The need for higher spatial resolution, relative to present climate models, has been highlighted by Popova et al. (2014) and Steiner et al. (2014) for the Arctic Ocean and by Holt et al. (2014 Holt et al. ( , 2017 for shelf seas in general. The extra resolution obtained by dynamical downscaling has been found to significantly improve transports of heat and salt by Atlantic currents flowing into the North Sea (Ådlandsvik, 2008; Ådlandsvik & Bentsen, 2007) and the Barents Sea (Melsom et al., 2009; Sandø et al., 2014) .
A notable caveat of this study is that we do not consider possible gradients across the lower benthic/diffusive boundary layer where current speed and turbulence are strongly inhibited by bottom friction (Dade et al., 2001) . Gradients can develop here due to reduced vertical mixing, the very different CO 2 chemistry of the sediments, and possible biological perturbations (Anthony et al., 2011; Cornwall et al., 2014) . For this reason, we use the term ''bottom water'' rather than ''seafloor.'' Also, we do not consider possible additional carbon inputs from thawing permafrost (subsea or land derived) which could significantly exacerbate bottom acidification (Biastoch et al., 2011; Semiletov et al., 2016) . Finally, as our work is motivated by providing environmental projections for an impact study on Arctic benthic calcifiers, we focus less on understanding model fluxes and mechanisms and more on the accuracy of the historical state and bias correcting the future projections, although we do discuss the impact of model uncertainties and how they might be addressed in future work.
Materials and Methods
2.1. SINMOD (SINtef MODel) SINMOD (http://sinmod.no/) is a 3-D ocean biogeochemical model coupling a hydrodynamic model based on the primitive Navier-Stokes equations (Slagstad & McClimans, 2005) , an ice model similar to that of Hibler (1979) , and a planktonic food web model (Wassmann et al., 2006) . The pan-Arctic configuration used here has ocean boundaries in the North Atlantic and Bering Strait (see Figure 1) , a Cartesian horizontal grid with resolution of 20 km, and 25 vertical layers with fixed depth ranges (z-levels) spanning: 0-10, 10-15, 15-20, 20-25, 25-30, 30-35, 35-40, 40-50, 50-75, 75-100, 100-150, 150-200, 200-250, 250-300 , 300-400, 400-500, 500-700, 700-1,000, 1,000-1,500, 1,500-2,000, 2,000-2,500, 2,500-3,000, 3,000-3,500, 3,500-4,000, and 3,500-4,500 m. For more details on the hydrodynamic and sea-ice components see Slagstad and McClimans (2005) and Slagstad et al. (2015) .
Biogeochemical state variables include ammonium, nitrate, and silicate as inorganic nutrients, two phytoplankton groups (diatoms and autoflagellates), fast and slow sinking detritus, labile dissolved organic carbon (DOC), refractory colored dissolved organic matter (cDOM, units mmolC/L), bacteria, heterotrophic nanoflagellates, microzooplankton, and two groups of mesozooplankton: the Atlantic Calanus finmarchicus and the Arctic Calanus glacialis (see Wassmann et al., 2006 , for more details). Organic matter entering the bottom sediments is remineralized at a constant rate of 5% per day. In order to match annual estimates of denitrification on the Arctic continental shelves, 40% of the remineralized nitrogen is released as N 2 (Chang & Devol, 2009; Kaltin & Anderson, 2005) . cDOM is input by rivers, decays at a constant rate of 0.55% per day, and contributes 0.023 3 cDOM m 21 to the diffuse attenuation of photosynthetic available radiation.
The CO 2 system module in SINMOD (Bellerby et al., 2012) is built in the hydrodynamic model and interacts with the food web model through the biological uptake of inorganic carbon by primary producers and
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inorganic carbon release due to organic matter respiration. Dissolved inorganic carbon (DIC) and total alkalinity (Alk) are fully prognostic state variables that are input by rivers, exchanged with the atmosphere (DIC only), and produced/consumed by plankton and bacteria following the nutrient-H 1 compensation principle (Wolf-Gladrow et al., 2007) . Along with nutrients and salinity (S), DIC and Alk can be stored in ice during freezing, transported horizontally within the ice, and released during ice melt in summer. During ice formation, 30% of (nutrients, S, DIC, Alk) are released into the water column. As the ice ages there is a loss of brine (nutrients, S, DIC, Alk) to the water column at a rate dependent on ice temperature.
SINMOD total hydrogen ion-scale pH and saturation states were calculated diagnostically from output for (DIC, Alk, temperature [T], S, silicate) using CO2SYS.m (van Heuven et al., 2011) with optional dissociation constants from Millero (2010) , Dickson (1990), and Uppstr€ om (1974) . For these calculations, we used regression functions fitted to CARINA data to estimate water pressure from depth and phosphate concentration from modeled (T, silicate, nitrate). For the hindcast run, atmospheric forcing was provided by reanalysis data from the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA40 data set before 2003 and by ERA INTERIM beyond 2002 (Dee et al., 2011) . Atmospheric CO 2 concentrations were derived from observations at Ocean Weather Station Mike (OWSM, 668N, 28E). Freshwater fluxes (river discharges and diffuse run-off from land) were based on hydrological model simulations for the Norwegian coast and Barents Sea (Dankers & Middelkoop, 2007) and for the Arctic rivers on observations from R-ArcticNet (V€ or€ osmarty et al., 1996, 1998) . Riverine concentrations of (DIC, Alk, nutrients, and DOC) were specified as constant values based on observations where available (Amon & Meon, 2004; Cooper et al., 2008; Dittmar & Kattner, 2003) , otherwise default values were applied (supporting information Table S1 ). Riverine (DIC, Alk) were assumed equal (Fransson et al., 2001 ) Boundary fluxes of seawater were kept constant during the simulation: a total of 0.8 Sv enters the model domain through the Bering Strait (Woodgate et al., 2010) while on the Atlantic side the average fluxes were taken from a large-scale (50 km resolution) model covering most of the North Atlantic. Boundary conditions for (T, S, nitrate, silicate, DIC, and Alk) were derived (Bellerby et al., 2012) from the Bergen Earth system model (BCM-C, Tjiputra et al., 2010) , bias corrected toward the CARbon IN the Atlantic (CARINA) data set (Key et al., 2010) using an absolute delta change method (Hay et al., 2000) . CARINA data were first projected onto the boundary horizontal-depth grid and compared with BCM output at the same time and projected location; bias for each boundary grid cell was then calculated as an average of BCM-CARINA differences weighted by projection distance, and finally the biases were smoothed over the boundary grid. Since most of the CARINA observations are from the spring-summer season, a separate bias was calculated for winter values using the CARINA data interpolated to wintertime mixed layer depths (as reported by Steinhoff et al., 2010) as estimates of winter mixed layer values.
Hindcast Run
SINMOD was initialized with (T, S) fields from the World Ocean Circulation Experiment (WOCE) data set Version 3.0 (Lindstrom, 2001 ) and (nutrients, DIC, Alk) fields derived from the CARINA data set. Key et al., 2015; Olsen et al., 2016) , the CARINA Iceland and Irminger Sea Time Series version 2 (Olafsson et al., 2009a (Olafsson et al., , 2009b , and a set of cruise data from the Kara Sea provided by the Shirshov Institute on Oceanology (hereafter the ''Russian data''). For the WOD data, we used only data with observed level quality-control (QC) flag 5 0 (''accepted value''). For GLODAPv2 and CARINA data, we required primary QC flag 5 0 (''approximated''), 2 (''good''), or 6 (''replicated''; Key et al., 2010; Olsen et al., 2016) , and for the Russian data, we excluded any values flagged as extrapolated to depth. We used data from (WOD, ICES, GLODAPv2, Russian) data sets for (T, S, nutrients) and from (GLODAPv2, CARINA, Russian) data sets for CO 2 chemistry variables.
In order to maximize the CO 2 chemistry data coverage, the GLODAPv2 and CARINA data sets were merged and parsed, and equilibrium values were recalculated using CO2SYS.m with constants as for the SINMOD calculations and missing silicate/phosphate data filled by kernel smoothing in 3-D (x,y,z) (Hastie et al., 2009) . We refer to this extended data set as GLODAPv2E. The Russian CO 2 chemistry data originally included (Alk, pH) pairs with pH reported on the NBS scale. Again, CO2SYS.m with the aforementioned constants was used to convert pH to total scale and to calculate the corresponding (DIC, X). These Russian data are treated with additional caution because the measurement methods, although careful (see supporting information Text S1), do not conform to standard international protocols and because of inherent uncertainties associated with the use of the NBS scale (Dickson, 1984 , see also Olsen et al., 2016) .
To estimate bottom water values, we extrapolated profiles to estimated seafloor depths by kernel smoothing with an exponential kernel, extrapolating by up to 30% of the sampled depth range (otherwise discarding the profile), and varying the smoothing bandwidth and order (linear or constant) according to data coverage to ensure robust extrapolations. Water depth was estimated by interpolating high-resolution bathymetry products (the 500 m resolution IBCAOv3, Jakobsson et al., 2012 , where available, otherwise the 2 min ETOPOv2, National Geophysical Data Center, 2006) and corrected to the maximum sampled depth wherever this exceeded the interpolated depth.
Model Skill Assessment and Bias Estimation
To assess model skill, SINMOD bottom water output was linearly interpolated in 3-D (x,y,t) to the observational data, and ''errors'' were computed as the model-minus-data differences. This was done for all data during years 1984-2008 inclusive (the first five hindcast years are avoided to minimize spin-up effects).
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Point-to-point skill metrics were then computed as the root-mean-square error (RMSE), bias (mean error), and Pearson linear correlation (denoted by CORR or r), considering all model-data pairs at depths 50-500 m within the study region (white square in Figure 1 ).
For (T, S) regional bias fields were estimated by kernel-smoothing the errors in 2-D (x,y) using a Gaussian kernel with bandwidth 40 km. For CO 2 chemistry and nutrient variables, observational data coverage was considered insufficient for spatial smoothing (see supporting information Figures S1 and S2); instead, errors were aggregated as a function of model water depth over the entire pan-Arctic domain, and natural cubic spline functions with knots at 20, 50, 100, 200, 300, 400, 500, 1,000, and 2,000 m were fitted by ordinary least squares linear regression (Hastie et al., 2009) . Only the GLODAPv2E data were used for bias-correction and skill assessment of CO 2 chemistry variables. Note that by using model-data errors from coincident times (and positions), we mitigate the effects of temporal sampling bias, but if there is strong seasonal or interannual variability in the errors then estimates may yet be biased toward better-sampled seasons or years (supporting information Table S2 ). However, we did not find large differences between overall bias estimates formed by averaging estimates over seasonal or yearly bins versus without binning (supporting information  Tables S3 and S4 ), suggesting that the effects of temporal sampling bias were not strong at least on the regional scale.
The most relevant aspect of model skill for this study is the ability to simulate long-term or climatic temporal trends. There are only a few places where such trends have been measured for seawater variables at high northern latitudes, but four of these fall (by design) within our study region: the Irminger Sea time series (IRM), the Icelandic Sea time series (IS), the Ocean Weather Station M time series (OWSM), and the Kola Section time series (see Figure 1 ). For these stations, we derived temporal trend estimates with confidence intervals for time series data from observations and from SINMOD output interpolated to the station locations and sampling depths. This was done by fitting seasonal first-order autoregressive (AR1) models to data preaveraged by season and restricted to a common interval (the sampled interval within the hindcast test period . Significance of trend differences was tested by fitting the same time series model to the model-data errors (interpolating SINMOD over space and time to the observations) and applying a t test to the fitted trend parameter, accounting for AR1 serial correlation (Wallhead et al., 2014) .
Bias-Corrected Projections Under SRES A1B Scenario (2001-2099)
For the projection run, atmospheric forcing was provided by a regional model system run by the Max Planck Institute, REMO (Keup-Thiel et al., 2006) . This model was configured to cover the SINMOD domain ( Figure 1 ) with a resolution of 0.228 and used output from the MPI-ECHAM5 coupled climate model system. Atmospheric CO 2 followed a climatological seasonal cycle from OWSM (668N, 28E) plus an ensemble-mean climatic trend under the SRES A1B scenario. Riverine inputs and tides were the same as in the hindcast run (see section 2.2). Boundary seawater fluxes were as for the hindcast run and biogeochemical boundary conditions were derived from monthly mean BCM projections with bias corrections as for the hindcast run. These projections were under the SRES scenario A2 rather than A1B, but this discrepancy should be small given the closeness of the atmospheric projections over our focus interval of the next 50 years (IPCC, 2000) . SINMOD was initialized with the hindcast output for the year 2000 and run for years 2001-2099 inclusive under the A1B scenario, calculating CO 2 chemistry variables as described in section 2.2.
Bias-correcting climate model projections should be done with caution (Stock et al., 2011) . We consider it justified here because our corrections are based on a hindcast driven by reanalysis atmospheric forcing, and because we use observations from an extended time interval (25 years) that is comparable with the focus projection interval (50 years). The projections were corrected by subtracting the bias predicted by the kernel smoothing or spline functions (see section 2.4) from the biweekly model output. Temperatures were constrained by a minimum plausible freezing point (predicted from the water pressure and a maximum plausible salinity of 40 psu), and (S, DIC, Alk, saturation state) were constrained by a lower limit of zero. Annual and bidecadal averages were subsequently computed from these constrained bias-corrected projections. As we are focused on 50 year climatic changes, we mainly compared output for 2000-2019 versus 2050-2069, using output from the A1B scenario run (bias corrected where possible) to compute both bidecadal averages.
To project threshold years for the onset of CaCO 3 undersaturation, we first averaged the biweekly output time series over seasons, assuming that undersaturation on subseasonal time scales is likely tolerable by
Journal of Geophysical Research: Oceans 10.1002/2017JC013231 most benthic biota. We then averaged within season over 610 years for each year (e.g., for winter 2020, all winters between 2010 and 2029 inclusive) to remove unpredictable interannual (internal) variability, and for each year we recorded the maximum and minimum seasonal X. The onset of seasonal/perennial undersaturation was then defined as the last year for which the minimum/maximum seasonal X exceeded 1.
Direct Drivers of Projected Acidification
Changes in bottom pH and X ar due to individual factors (DIC, Alk, T, S, and silicate, phosphate-without bias correction) were calculated by summing partial increments, approximated as Euler steps between annual-averages using CO2SYS.m, to obtain annual time series of cumulative change D(pH, X ar ) due to each factor at each grid point. Our approach is similar to that of Yamamoto et al. (2012) except that we do not further decompose the (DIC, Alk) changes by process. Comparing the sum of the climatic changes (2000-2019 versus 2050-2069) due to each factor with the total climatic change from biweekly (pH, X ar ) output gave an absolute approximation error of <0.001 pH units at all depths 50-500 m within the study region (supporting information Figure S3 ).
Results
3.1. Model Skill Assessment 3.1.1. Point-To-Point Skill Considering model-data pairs from years 1984 to 2008 and depths 50-500 m within the study region, bottom temperature shows the best correlation (r 5 0.89) although this partly reflects the wide regional range (-2 to 168C); SINMOD has a regional warm bias of 1.18C and an RMS temperature error of 1.98C (Figure 2a ). SINMOD salinity is correlated with the observations (r 5 0.59) but there is a clear bias, with SINMOD tending to exaggerate freshening in coastal low-salinity areas (cf. solid black regression line versus dashed 1:1 line in Figure 2b ). Model-data correlations for bottom nitrate and silicate are lower (r 5 0.33, 0.19) and there is a tendency to overestimate nitrate and underestimate silicate (Figures 2c and 2d) . SINMOD bottom DIC and Alk are in reasonable agreement with observations although there is clearly too little variability in the model SINMOD DIC shows a negative bias that is largest at depths <50 m (magnitude >80 mmol/kg) but remains substantial (>10 mmol/kg) for depths 50-400 m (Figure 4a ). By contrast, Alk bias is only substantial at depths <50 m (Figure 4b ). We attribute the rapid increase in DIC/Alk bias at depths <50 m to the exaggerated coastal freshening (Figures 2b and 3b) while the broader-ranging DIC bias likely reflects missing remineralization fluxes at shallow-to-moderate depths (SINMOD bottom nitrate and silicate also show negative biases with respect to GLODAPv2E, although these are small relative to the error scatter, supporting information Figure S4 ). As a consequence of the imbalanced DIC/Alk biases, the SINMOD pH and X ar are positively biased by 0.03-0.21 and 0.14-0.74 units, respectively, at depths 50-500 m (Figures 4c and 4d ). Correcting these biases yields 5%-35% reductions in RMSE (cf. SINMOD versus SINMODub 5 ''SINMOD unbiased'' results in Figure 4 ) and improved consistency with observations in almost all subregions of the panArctic domain (supporting information Figures S1 and S2) . (Figures 5e and 5f ).
At OWSM, there was insufficient data coverage to assess the uncertainty in observational trend estimates for CO 2 chemistry variables. Instead we show analyses for the Kola time series stations in the southern 
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Barents Sea, where temperature observations were available for all years within the test period (Figures 5o-5q ). Despite the good data coverage, the trends at these stations are highly uncertain due to the strong decadal-scale variability in these time series, which is well reproduced by SINMOD (e.g., supporting information Figure S5 ). Nevertheless there is marginal evidence that the SINMOD warming trends are also too weak at these stations (Figures 5o-5q ).
Model Projections Under SRES A1B Scenario 3.2.1. Fifty Year Changes in Bottom Water Environment
Comparisons of SINMOD bottom temperature during years 2000-2019 and 2050-2069 inclusive shows a median warming of 1.58C at depths 50-500 m (Figures 6a-6c ). However, spatial variability is high (2.5%-97.5% quantiles are 0.1-2.78C) and warming >2.758C is observed in the shallows of the northern and eastern Barents Sea (Figure 6c ). The same areas also undergo salinization (Figure 6f ), suggesting a northward/ eastward intrusion of Atlantic water, pushing back the cooler and fresher Arctic water. The largest bottom salinity increases (1.4 psu) occur in the Kara Sea, in shallow water (<50 m) adjacent to large salinity decreases in deeper water further from the Russian coast (Figure 6f ). Horizontal-depth transects suggest that this reflects the displacement of surface, low-salinity coastal water by saltier oceanic water (not shown). The freshening of deeper water is here associated with a decrease in ice cover of 100-150 days per year ( Figure 7c ) and a 25%-50% increase in annual mixed layer depth ( Figure 7f) ; the increased surface exposure may thus have freshened the bottom water by promoting wind-driven vertical mixing with the fresher surface water. The largest relative increases in vertical mixing occur in the northern Barents Sea (Figure 7e ), but here the ice loss is almost complete (Figure 7b ), so the ''Atlantification'' effect dominates and bottom salinity increases. Bottom freshening reaching -1.5 psu occurs on the western Russian and East Greenland shelves (Figure 6f) , and is also associated with loss of ice cover (Figure 7c ). Here the surface layers freshen (not shown) and mixed layer depth changes are small or negative (Figure 7f ), suggesting that increased meltwater supply is the primary driver. 
Journal of Geophysical Research: Oceans
10.1002/2017JC013231
Bottom DIC increases rapidly at depths <500 m (Figures 8a-8c ). On the Russian and East Greenland shelves, the penetration of anthropogenic CO 2 and North Atlantic alkalinity is counteracted by increasing freshwater input from ice melt and river discharge, which decreases Alk and mitigates the DIC increase (Figures 8c and  8f ). Changes in bottom Alk correlate strongly with changes in salinity (r 5 0.92 for depths 50-500 m within the study region, cf. Figures 7d-7f ) and thus reflect the advance of Atlantic water and changes in vertical mixing and freshwater input discussed above, while the correlation of DDIC with DS is reduced by the invasion of atmospheric CO 2 (r 5 0.66). Neither DDIC nor DAlk correlate with changes in primary productivity or vertical export (|r| < 0.07; supporting information Figures S6c and S6f), suggesting that the modeled biological amplification of bottom water acidification (sensu Bates & Mathis, 2009 ) is a weak effect in this region. This is further confirmed by the changes in bottom nitrate and silicate concentrations (supporting information Figure S7 ), which do not show increases corresponding to the increases in productivity and export at the frontier of ice retreat (supporting information Figure S6 ).
The resulting changes in total-scale bottom pH show rapid and spatially variable acidification in the study region, with bidecadal averages at depths 50-500 m decreasing by 0.10-0.20 units (2.5%-97.5% quantiles, median 5 0.16) (Figure 9c ). Both present and future values of bottom X ar show undersaturation (X ar < 1) in the deep basins and in the Kara Sea (Figures 9d and 9e ), but the future period also shows undersaturation on the northern/eastern Barents and East Greenland shelves (Figure 9e ). The decrease in X ar at 50-500 m is 0.26-0.57 units (2.5%-97.5% quantiles, median 5 0.40) (Figure 9f ).
Threshold years show a similar progression whether we consider seasonal or perennial undersaturation, due to the generally weak seasonality in bottom water variables (Figure 10 versus supporting information Figure S8 ). For aragonite, already by 2020 there is seasonal undersaturation over most of the Kara Sea as well as in the deep basins (Figure 10a ). By 2040, the undersaturation has spread to the deeper Kara Sea as well as the shallower parts (mostly <200 m) of the northern/eastern Barents and East Greenland shelves. By 2070 most of the Barents and East Greenland shelf bottom water is undersaturated with respect to X ar . The 
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south-western Barents Sea and the Norwegian shelf down to 500 m depth become seasonally undersaturated with respect to X ar during 2070-2090, although some shallower parts avoid perennial undersaturation before 2090 (supporting information Figure S8a ). Bottom water undersaturation with respect to calcite before 2090 and within the study region is confined to the Kara Sea and East Greenland shelf at depths <200 m, plus the deep Eurasian Basin (Figure 10b ). Very similar results are obtained using monthly average rather than season-average model output (supporting information Figures S9 and S10 ). Projections for south of Iceland and at depths >500 m are treated with caution as they may be affected by problems with the initial condition/spin-up (see section 3.1.3). 
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Direct Drivers of Shelf Bottom Acidification
From the attribution analysis, changes due to DIC increase emerge as clearly dominant and account for most of the pH reduction on the Norwegian and Barents shelves (Figure 11a ). On the Russian and East Greenland shelves, freshening reduces the contribution of DIC (Figure 11a ), but this is compensated by corresponding reductions in Alk (Figure 11b) . Similarly, the buffering effect of increased Alk in the northern Barents Sea (Figure 11b ) is compensated by a larger input of DIC from the advancing Atlantic water ( Figure  11a ), and the large freshening-driven changes due to DIC and Alk in the Kara Sea also largely compensate each other. Exacerbation by warming is important in the Barents Sea, where it accounts for an additional (Figure 11c ). The effect of salinity changes per se, i.e., through changes in CO 2 system equilibrium constants, is generally insignificant, as are the effects of changes in silicate and phosphate concentrations (supporting information Figure S11 ). A similar pattern of attribution applies to the changes in bottom X ar except that here the contributions of warming are also negligible (supporting information Figure S12 ).
We note that mixing with freshwater can influence pH and X ar , depending on the DIC/Alk of the freshwater and whether equilibration with atmospheric pCO 2 is assumed. However, for the largest salinity changes observed in the bottom water projections at 50-500 m (1 psu within 30-35 psu), the impacts of freshwater mixing are small for all relevant mixing conditions (|DpH| < 0.01, |DX ar | < 0.1, see supporting information Figure S13 ).
Discussion
Comparison With Other Projections
While a detailed model intercomparison is beyond our scope, we provide here a brief comparison with other climate and ocean acidification projections for the study area. These are somewhat limited by the tendency of studies to focus on surface rather than bottom water projections. Considering downscaling models, Skogen et al. (2014) The SINMOD-projected bottom acidification can also be compared with a simple downward extrapolation of the change in atmospheric pCO 2 over the next 50 years (supporting information Figure S14 ). Under the SRES A1B scenario, atmospheric pCO 2 increases by 171 matm between 2000-2019 and 2050-2069 . Considering the increase in SINMOD bottom pCO 2 in all grid cells at depths 50-500 m within the study region, the median value is 190 matm, only 11% higher than the extrapolation projection. However, spatial variability is significant (2.5-97.5% quantiles are 98-217 matm) and suggests a limited value of the extrapolation method for making local-scale projections.
Our attribution analysis (section 3.2.2) showed that the primary direct driver of bottom water acidification on the shelves is the accumulation of anthropogenic DIC, with secondary roles played by alkalinity reductions and warming. This is consistent with previous analyses of surface changes (Popova et al., 2014; Steinacher et al., 2009; Yamamoto et al., 2012) except that for bottom water deeper than 50 m, the direct impacts of freshwater mixing are small (supporting information Figures S13d and S13f; cf. Azetsu-Scott et al. 2010, Figure 10b ; Denman et al., 2011, Figure 4; and Tank et al., 2012, Figure 8) . Note, however, that our analyses only consider direct effects; the modeled accumulation of bottom DIC may itself be sensitive to ocean warming and freshening, via associated changes in circulation, mixing, ice cover, CO 2 uptake, and biological response, as well as the freshwater-borne fluxes of DIC and Alk from land-derived sources (Popova et al., 2014; Steinacher et al., 2009; Yamamoto et al., 2012) .
Uncertainties in the Downscaling Projections
In our view, a full assessment of our projection uncertainties would require an ensemble of projections from downscaling ocean biogeochemical models (and/or high-resolution global models, Holt et al., 2017) because the extra spatial resolution can correct large biases in stratification and horizontal transport (Ådlandsvik, 2008; Melsom et al., 2009; Sandø et al., 2014) . We also suggest that for impact studies, the projections should be corrected for bias both in the model inputs and in the outputs, as long as this can be robustly estimated, because some stressors (e.g., X) may depend strongly on absolute values as well as the climatic changes (cf. Ciais et al., 2013, Figure 6.28) . Although such an ensemble is not yet available to us, it is useful to consider here the main sources of uncertainty and implications of our skill analyses (section 3.1) and comparisons with other projections (section 4.1).
Boundary conditions are potentially major sources of projection uncertainty for downscaling models. We tested the sensitivity of bottom pH projections by rerunning the model with the North Atlantic boundary conditions fixed as climatological seasonal cycles based on the CARINA data set. The pH decrease on the Norwegian shelf was reduced by around 0.05 units but the acidification of Barents, Kara, and East Greenland shelves was largely unchanged (supporting information Figures S15a and S15b), mainly because the reduced horizontal input of CO 2 from northward flowing currents was compensated by increased vertical input via air-sea gas exchange (Figures S15c and S15d). Similar results are obtained for temperature, with only 0.58C and 0.258C reductions in the warming on the Norwegian and Barents shelves, respectively (supporting information Figure S16 ). This suggests that errors in boundary conditions are unlikely to have strongly exaggerated our acidification and warming projections on the northernmost shelves.
Other typical sources of uncertainty include the structure and parameterization of the ice and biological model components and their response to errors in the atmospheric forcing (Slagstad et al., 2015) . However, within our study region, the projected changes in ice cover and vertical mixing (Figures 7c and 7f) and (Figure 6f ) was too weak at depths >50 m to have a strong impact on pH or saturation state (supporting information Figures S11-S13 ). This raises the prospect that the projected bottom acidification/warming at depths >50 m may be somewhat robust to the uncertainties in ice dynamics, stratification, and biological response that are typically large on climatic time scales and which may strongly influence surface properties, including primary productivity (Artioli et al., 2014; Denman et al., 2011; Popova et al., 2010; Vancoppenolle et al., 2013; Yool et al., 2015) and surface acidification (Artioli et al., 2014; Popova et al., 2014; Steiner et al., 2014) .
Caution is required here regarding the biological response and potential ''biological amplification'' of bottom water OA (Bates & Mathis, 2009 ). Comparisons by Wassmann et al. (2006) with short-term sediment trap observations from the central Barents Sea (Olli et al., 2002) suggested a tendency for SINMOD to underestimate particulate carbon export fluxes, which may partly explain the negative bias in bottom DIC over the pan-Arctic shelves (Figure 4a) . Also, the formulation of benthic remineralization is rather simple (see section 2.1), the elemental stoichiometry of biogeochemical processes is fixed, the model neglects brine transport and potential fractionation of DIC versus Alk during ice formation (Rysgaard et al., 2007; Loose et al., 2011; Bellerby et al., 2013) , ice algae are not explicitly represented, warming responses (e.g., through Q10 values, see Wassmann et al., 2006) are uncertain, and there is currently no sensitivity of (planktonic) biological processes to OA (e.g., Artioli et al., 2014; Heinze, 2004; Oschlies et al., 2008; Riebesell et al., 2007; Schneider et al., 2004) . If these processes are subject to strong climatic change then our static bias corrections may have failed to compensate the errors in the projections. Climatic changes in the riverine inputs have also been neglected and could also bias our projections, especially if they include organic matter inputs that degrade slowly and thus impact seawater chemistry far beyond the coast (Manizza et al., 2011) . In particular, projections for the Russian shelves (including the Kara shelf) could be strongly affected by biases in riverine inputs and benthic remineralization fluxes (Anderson et al., 2011; Semiletov et al., 2016) .
Another concern is the model spatial resolution, here 20 km in the horizontal. One might ask whether an eddy-resolved model (which may require <1 km resolution at these latitudes, Holt et al., 2014) could result in similar biases relative to 20 km models as between 20 km models and present global climate models. We tentatively expect this not to be the case within our study region, in oceanic water deeper than 50 m, because the 20 km resolution appears to be sufficient to resolve the primary northward inflow current (the Norwegian Atlantic Current) and the primary southward outflow current (the East Greenland Current) (Slagstad et al., 2015) . The present resolution is not sufficient to resolve mesoscale eddies or shallow-water coastal currents such as the Norwegian Coastal Current. However, comparisons of primary productivity between the original 20 km model (Slagstad & Wassmann, 1996) and a later 4 km version (Wassmann et al., 2006) have shown only a minor increase (15%) and a similar spatial distribution (Slagstad et al., 2015) . The failure of our hindcast to capture recent warming/salinization trends (Figures 5a, 5b , 5m, and 5p) does not, we believe, reflect inadequate resolution of northward currents in SINMOD, but rather a lack a recent warming trend in the driving BCM boundary condition, which was based on a ''historical'' simulation with likely the wrong phase of decadal-scale variability. We hope to test this hypothesis in future work using boundary conditions for the hindcast run based on reanalysis data.
Regarding vertical resolution, we note that the present SINMOD vertical grid (see section 2.1) was, like most models, not specifically designed to resolved bottom water variability. Indeed, the Barents Sea warm biases shown in Figure 3a may be due to the fixed z-levels with thickness 100-200 at 500 m depth causing excessive heating of the bottom water by shelf inflow currents. It is not clear whether a terrain-following vertical grid will necessarily improve matters; while this can improve warming and stratification responses in shallow water (Ådlandsvik, 2008) , it can also lead to spurious diapycnal mixing in regions of steep shelf topography (Marchesiello et al., 2009 ).
Further simulations are needed to address all these uncertainties, and the skill assessment of the present model (Figures 2-5) shows that there is plenty of scope for improvement in both physical and biogeochemical components. A key requirement for the continued improvement of model projections is the availability of quality-controlled observational data for model skill assessment, bias correction, and eventually weighting factors for multimodel projections (Tebaldi & Knutti, 2007) . A challenge here is that much of the historical CO 2 chemistry observations from the Russian shelves, which may be bellwethers of broader-scale
Journal of Geophysical Research: Oceans 10.1002/2017JC013231 acidification (Figure 10 ), are derived from methods that do not conform to international standards. Samesample inter-laboratory comparisons are needed to assess possible biases in these Russian data; in the meantime, we can report that the bias correction of the SINMOD output, based on an independent data set subjected to stringent quality control (GLODAPv2E), did substantially reduce the bias with respect to the Russian bottom water observations at depths 50-500 m (from 0.175 to 0.072 for pH, from 0.45 to 0.10 for X ar ), suggesting that the disagreement (see red dots in Figures 2g and 2h ) may largely reflect model bias in the shallow Kara Sea.
Conclusions
We used a downscaling ocean biogeochemical model of moderate complexity to investigate shelf bottom climate change in the western Eurasian Arctic region. A hindcast was run to assess model skill, bias, and climatic trends, and bias-corrected projections were analyzed for the present century under a business-asusual scenario, with a focus on the next 50 years and on bottom water at depths between 50 and 500 m.
The projections showed rapid and spatially variable shelf bottom acidification by 0.10-0.20 pH units over 50 years (2.5%-97.5% quantiles). This corresponds to a further 26%-58% increase in the hydrogen ion concentration, on top of the 26% increase that has likely already occurred since preindustrial times. Bottom water undersaturated with respect to aragonite is simulated for the present day in the shallow Kara Sea; under the business-as-usual scenario this corrosive area grows to cover the entire Kara shelf by 2040 and most of the Barents and East Greenland shelves by 2070. The acidification is combined with highly variable warming of 0.1-2.78C over 50 years (2.5%-97.5% quantiles). This could act as a multistressor, especially in northern and eastern parts of the Barents shelf. The accumulation of anthropogenic CO 2 was identified as the dominant driver of shelf acidification, consistent with previous analyses and the weak projected freshening of the bottom water at depths >50 m.
Although we were unable to validate the warming and deep acidification trends in the model hindcast, we believe this was mainly due to issues with the hindcast model inputs, which should have little effect on the projections. The model did successfully reproduce observed shallow acidification trends, and the basin-scale agreement between SINMOD and other models, using different grid structure/resolution and different ice/biological model formulations, suggests that these sources of uncertainty have limited impact on basin-scale projections, at least in regard to acidification. However, a robust uncertainty assessment at regional and local scales is likely to require an ensemble of downscaling or high-resolution global models for this region.
Projecting environmental change in the ocean is a challenging and multifaceted problem that requires a team effort across scientific disciplines and between modelers, observationalists, and data analysts. For the Arctic Ocean, it is clear that an international effort is needed, and if we want to understand the potential future impacts of acidification in American and Nordic/European sectors, we would likely do well to study the present state and historical changes on the Russian shelves. In future work, we will aim to combine the bottom water environmental information from the model with benthic species presence/absence data, in order to investigate and project future impacts on benthic species distributions.
